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Highlights 

What are the main findings? 

• A PROSAIL-driven, GA-optimised MLP (NN–GA) reliably retrieves crop LAI from 

Sentinel-2B at 10 m, achieving RMSE/R2 = 0.44/0.73 (Minqin) and 0.40/0.56 (Zhangye), 

outperforming the SNAP/SL2P benchmark. 

• A staged uncertainty quantification (UQ) workflow separates physical-driver and 

machine-learning contributions and synthesises them to report retrieval relative un-

certainties (Minqin 21.37%, Zhangye 17.31%). 

What is the implication of the main finding? 

• The framework improves 10 m LAI retrieval accuracy and delivers a reproducible, 

end-to-end uncertainty decomposition to support confidence-aware agronomic ap-

plications. 

• The results prioritise reductions in machine-learning stage stochasticity and recom-

mend including uncertainty as a routine product layer to increase LAI product relia-

bility. 

Abstract 

Leaf Area Index (LAI) is a key biophysical descriptor of crop canopies and is essential for 

growth monitoring and yield estimation. We present a physics-driven machine-learning 

framework for operational LAI retrieval and end-to-end uncertainty quantification that 

couples the PROSAIL radiative transfer model with a genetic-algorithm-optimised mul-

tilayer perceptron (NN–GA). PROSAIL is sampled across plausible parameter priors and 

spectra are convolved with Sentinel-2B spectral response functions to build a 30,000-sam-

ple training library; a GA is used to globally optimise network weights and biases. Total 

retrieval uncertainty is decomposed into a simulation component (PROSAIL parameter 

variability) and a training component (variability across repeated NN–GA trainings) and 

combined via the law of propagation of uncertainty. The model was developed in Minqin 

(modelling/testing area; entirely maize) and transferred to Zhangye (transfer/validation 

area; predominantly maize, with one sunflower plot). Sentinel-2B validation results were 

RMSE/R2 = 0.44/0.73 (Minqin) and 0.40/0.56 (Zhangye), indicating reasonable cross-site 

generalisation. The uncertainty split indicates physical-driven contributions of 11.42% 

and 11.48% and machine-learning contributions of 18.06% and 12.96%, respectively. The 
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framework improves 10 m LAI retrieval accuracy and supplies a reproducible, per-pixel 

uncertainty budget to guide product use and refinement. 

Keywords: leaf area index; neural network; genetic algorithm; uncertainty quantification; 

PROSAIL radiative transfer model 

 

1. Introduction 

Leaf Area Index (LAI), defined as one half of the total one-sided leaf area per unit 

ground area, is a central biophysical descriptor of crop canopies that controls light inter-

ception and photosynthetic productivity [1]. In agricultural applications, LAI underpins 

crop-growth modelling, yield forecasting, irrigation and fertilisation scheduling, and phe-

nological and pest/disease monitoring; hence accurate, spatially explicit LAI estimates are 

of direct practical value for agronomic decision support and precision farming. Because 

in situ LAI measurements (e.g., destructive sampling or canopy analysers) provide only 

sparse point observations and are labour-intensive to acquire at scale, satellite and air-

borne remote sensing have become the primary means to generate continuous, wall-to-

wall LAI products over operational extents [2,3]. 

Remote retrieval approaches for LAI broadly fall into empirical statistical methods 

and physics-based radiative transfer model (RTM) methods [4]. Empirical regressions or 

vegetation-index approaches are simple to implement and often perform well within the 

calibration domain, but their transferability across sensors, scene types, and phenological 

stages is limited [5]. Physics-based RTMs—most notably, the coupled PROSPECT (leaf 

optics) and SAIL (canopy scattering) system, PROSAIL—simulate canopy reflectance as a 

function of biophysical variables and observation geometry, providing mechanistic con-

straints that improve interpretability and enable the generation of large synthetic training 

libraries for controlled testing [6]. Since forward RTMs do not directly yield parameter 

estimates, practical retrievals typically invert the models using lookup tables, optimisa-

tion schemes, or data-driven regressors (e.g., neural networks, random forests, support 

vector regression), combining physical realism with the flexibility of machine learning to 

fit complex, nonlinear mappings [7,8]. 

Despite their strengths, coupling radiative transfer models (RTMs) with data-driven 

learners still faces fundamental challenges. RTMs typically rely on simplified parameter-

izations that cannot fully capture canopy and physiological heterogeneity; as a result, in-

version problems can exhibit parameter equifinality and ill-posedness, while data-driven 

approaches remain highly sensitive to the representativeness and distribution of the train-

ing data, limiting out-of-domain generalisation. Together, these factors reduce the relia-

bility and transportability of retrievals across differing crop conditions and sensor obser-

vations [9–11]. To mitigate these issues, global optimisation and ensemble-based strate-

gies have been explored. In particular, genetic algorithms (GAs) provide a population-

based global search that helps explore wide, multimodal parameter landscapes [7,12,13]. 

This capability can (i) reveal equifinality by locating distinct parameter sets that produce 

similar spectral responses, (ii) support multi-objective or regularised fitness formulations 

that penalise physically implausible parameter combinations (thereby suppressing prac-

tically irrelevant equifinal solutions), and (iii) facilitate ensemble generation (via multiple 

independent GA runs or archives of near-optimal solutions) whose spread offers an em-

pirical characterisation of solution non-uniqueness and model uncertainty. When com-

bined with a feedforward neural network (NN–GA), GAs’ global search complements the 

NN’s expressive power: the hybrid improves training stability and reproducibility, ena-

bles direct optimisation of bespoke fitness functions (for example, validation-weighted 
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loss), and supplies practical diagnostics and ensemble outputs that inform uncertainty 

quantification and robustness analyses. 

A further, often overlooked challenge is rigorous end-to-end uncertainty quantifica-

tion (UQ). Existing studies on remote-sensing uncertainty predominantly focus on up-

stream data quality (for example, radiance, surface reflectance, or atmospheric-correction 

residuals), while a traceable, quantitative decomposition of errors across the entire re-

trieval chain—from observations and RTM forward simulation to inversion and down-

stream LAI estimates—remains limited [4]. Operational products such as global MODIS 

LAI include quality flags and per-pixel standard deviation layers (e.g., STD_LAI), and 

many validation studies report aggregate accuracy metrics; however, these provisions do 

not substitute for a systematic partitioning and quantitative propagation of uncertainties 

arising from prior parameter uncertainty, model structural error, and inversion-stage al-

gorithmic variability [14]. In practice, retrieval products are typically summarised by 

RMSE or R2 against reference data, but are seldom accompanied by confidence intervals 

or a source-resolved error budget—information that is essential for uncertainty-aware 

model assimilation and operational decision support [15]. 

Some recent efforts (for example, product reprocessing and noise reduction for 

MODIS LAI) have improved temporal consistency and reduced spurious variability, yet 

they mainly address time-series quality control rather than providing a principled ac-

counting of how specific error sources propagate through each stage of the retrieval pipe-

line [16]. Concurrently, the rapid adoption of machine-learning methods introduces addi-

tional uncertainty modes—such as calibration uncertainty, probabilistic predictive out-

puts, and model confidence—which require dedicated UQ treatments. Although method-

ological research on neural-network uncertainty estimation is advancing, its practical ap-

plication to operational biophysical-parameter retrievals remains limited [17]. 

Motivated by these gaps, this study develops a physics-driven machine-learning 

framework that couples the PROSAIL radiative transfer model with a genetic-algorithm-

optimised multilayer perceptron (NN–GA) inversion and an explicit, staged UQ protocol. 

Our objectives are to deliver a broadly applicable LAI retrieval model and a reproducible 

UQ workflow to support robust product generation and to provide methodological guid-

ance for uncertainty estimation of other land-surface variables. Concretely, we (1) con-

struct a PROSAIL-based forward simulation library matched to Sentinel-2 spectral re-

sponse functions (SRFs); (2) integrate a feedforward multilayer perceptron (MLP) with a 

GA for global optimisation of network parameters; (3) evaluate the approach across con-

trasting agricultural sites to test transferability; and (4) decompose the LAI retrieval un-

certainty-propagation chain into constituent stages, estimate the uncertainty contribution 

of each stage, and synthesise these estimates to produce a comprehensive quantification 

and assessment of the overall LAI retrieval uncertainty. 

2. Materials and Methods 

2.1. Overview of the Research Area and Data Collection 

The study was carried out at two agricultural sites in northwest China. Site 1 (Minqin 

County, Wuwei City, Gansu Province; 102°56′–103°07′E, 38°28′–38°37′N) served as the 

model-development and testing area for PROSAIL simulations, NN–GA training, and 

preliminary parameter tuning. Site 2 (Ganzhou District, Zhangye City; 100°16′–100°27′E, 

38°45′–38°53′N) was used as a transfer and demonstration/validation area to evaluate 

model generalisation and transfer performance. Field campaigns synchronous (or near-

synchronous) with the Sentinel-2 acquisitions were conducted on 31 August–1 September 

2024 (maize, maturity stage) and 3–9 July 2025 (maize and sunflower; maize at tasseling). 

The locations and the spatial distributions of field sampling points are shown in Figure 1. 
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Figure 1. Study area and sampling design. (a) Geographic locations of the two study sites in Gansu 

Province, China: Minqin County and Ganzhou District, Zhangye; (b) Spatial distribution of field 

sampling points acquired in 2024 (red markers). Base map: Sentinel-2B Level-2A true-colour com-

posite (B4/B3/B2), ESA/Copernicus (acquisition: 29 August 2024); (c) Spatial distribution of field 

sampling points acquired in 2025 (yellow markers). Base map: Sentinel-2B Level-2A true-colour 

composite (B4/B3/B2), ESA/Copernicus (acquisition: 8 July 2025); (d) Detailed view of the four in-

tensive sampling subplots in the northern sector of panel (c). Base map: same as panel (c); (e) De-

tailed view of the two intensive sampling subplots in the southern sector of panel (c). Base map: the 

same as panel (c). All base maps showing bottom-of-atmosphere (Level-2A) reflectance were 

resampled to a common 10 m grid for display, and are presented in WGS84 (EPSG:4326). Data 

source: Copernicus Sentinel-2 MSI (© Copernicus Sentinel data 2024/2025). 

Both sites lie in the mid-latitude zone of northwest China and are characterised by a 

warm-temperate to temperate continental arid–semi-arid climate. Minqin, located near 

the desert margin, exhibits pronounced aridity and desertification, whereas Ganzhou 

(Zhangye) is influenced by the summer monsoon and contains irrigated oasis agriculture 

with more concentrated precipitation. The landscape is dominated by plains and oasis 

farmland at low to moderate elevations; summers are hot by day and cool at night, annual 

precipitation is low, and rainfall is strongly seasonal. Major crops include winter wheat, 

spring/summer maize, and potato; the maize growing season typically extends from late 

June to mid–late September. 

To balance regional representativeness with accurate pixel-scale matching to satellite 

data, two complementary ground-sampling strategies were adopted. In Minqin (model-
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ling/testing site), 101 sparsely distributed sample points were established (inter-point dis-

tance ≥ 300 m) to capture landscape-scale heterogeneity in topography, soil, and manage-

ment practices, and to support regional generalisation tests. In Zhangye (transfer/valida-

tion site), we selected three representative 500 × 500 m blocks and deployed dense sam-

pling grids within each block: every block contained two 48 × 48 m sampling plots in 

which points were laid out along three transects at 2 m intervals (≈81 points per plot) to 

provide robust, pixel-scale LAI estimates. All field sampling locations were sited at least 

10 m from field or canopy edges to minimise the probability of boundary/mixed-pixel 

contamination. 

Canopy LAI was measured in situ with a LAI-2200 Canopy Analyzer (LI-COR, Lin-

coln, NE, USA) following an A–B–B–B–B sequence (one above-canopy reading “A” alter-

nated with four below-canopy readings “B”) using the 270° view cap. For each sampling 

location, the four below-canopy B readings were taken to capture ridge–row variability: 

on the ridge, at 1/4 of the inter-row distance, at the inter-row centre, and at 3/4 of the inter-

row distance. LAI values were derived using the standard LI-COR processing workflow: 

the single above-canopy (A) reading was paired with each below-canopy (B) reading and 

the LAI-2200 software (gap-fraction algorithm) produced four instantaneous PAI/LAI es-

timates; these four estimates were then averaged to yield the final LAI assigned to that 

sampling position. No additional clumping correction was applied because all field meas-

urements were acquired within diffuse-sky conditions (uniform overcast or thick, spa-

tially uniform cloud cover) in which directional illumination effects are minimal and the 

uncorrected gap-fraction retrieval is appropriate (see the LI-COR user manual). For plot- 

or pixel-level validation, individual point LAI measurements within a sampling plot were 

averaged to obtain a single representative LAI for comparison with the 10 m Sentinel-2 

retrieval. 

2.2. Satellite Imagery Acquisition and Processing 

Sentinel-2 is an optical Earth-observation mission within the Copernicus programme, 

comprising two twin satellites (Sentinel-2A, launched June 2015, and Sentinel-2B, 

launched March 2017). Its MultiSpectral Instrument (MSI) acquires 13 spectral bands 

spanning the visible, red-edge, near-infrared, and shortwave-infrared portions of the 

spectrum, with nominal spatial resolutions of 10 m, 20 m, and 60 m. For this study, we 

used Level-2A bottom-of-atmosphere (BOA) surface reflectance products obtained from 

the ESA data platform (Dataspace); these products are radiometrically calibrated and at-

mospherically corrected and are therefore appropriate for quantitative vegetation re-

trieval. 

Two Sentinel-2B scenes (29 August 2024 and 8 July 2025) were used. All reflectance 

bands were resampled to a common 10 m grid to ensure tight spatial co-registration for 

model input: continuous reflectance layers were resampled with bilinear or cubic-convo-

lution interpolation to preserve spectral smoothness, while the Scene Classification Layer 

(SCL) was resampled with nearest-neighbour interpolation to avoid fractional/mixed class 

labels produced by continuous interpolants. Whole-scene cloud cover was 13.71% for the 

Minqin image and 13.57% for the Zhangye image; clouds were largely confined to desert 

areas, so we cropped each scene to the sampling-area centre before analysis. An SCL-de-

rived quality mask was then applied to exclude clouds, cloud shadows, and other invalid 

pixels. To focus the retrieval on substantive vegetation, we applied a fixed NDVI mask: 

pixels with NDVI ≤ 0.20 were treated as non-vegetated and excluded from further analy-

sis. The fixed-threshold approach defines a single lower NDVI bound below which vege-

tation is considered absent regardless of location or local conditions; NDVI values > 0.20 



Remote Sens. 2025, 17, 3924 6 of 26 
 

 

are interpreted as indicating increasing canopy cover (though the NDVI–cover relation-

ship is not strictly linear) [18]. This conservative, widely used threshold helps remove bare 

soil and very sparse vegetation prior to LAI retrieval. 

The final analysis dataset comprises spatially co-registered, quality-controlled 10 m 

multispectral reflectance layers used for LAI retrieval and uncertainty analysis: B2 (blue), 

B3 (green), B4 (red), B7 (red-edge, resampled from 20 m to 10 m), and B8 (near-infrared). 

Band centre wavelengths and native spatial resolutions are summarised in Table 1. The 

choice of this five-band set balances spectral sensitivity to canopy structure and the prac-

tical considerations of native spatial resolution and noise: red-edge and NIR channels (B7, 

B8, B8A) are known to carry information relevant to LAI and canopy structure (ESA Sen-

tinel-2 MSI Technical Guide), but B8A (20 m) overlaps substantially with B8 while requir-

ing upsampling that can introduce scale-mismatch noise and amplify saturation effects at 

high LAI; therefore, B8 (10 m) was preferred to maintain native spatial consistency. 

Table 1. Sentinel-2B bands used in this study. 

Band Description Centre Wavelength Resolution 

B2 Blue 492.3 nm 10 m 

B3 Green 558.9 nm 10 m 

B4 Red 664.9 nm 10 m 

B7 Red-edge 779.7 nm 20 m (resampled to 10 m) 

B8 Near-infrared 832.9 nm 10 m 

2.3. PROSAIL Radiative Transfer Modelling 

The PROSAIL model couples the PROSPECT leaf-optical model with the SAIL can-

opy scattering model to provide a physics-based link between leaf optical properties and 

canopy-scale directional reflectance. In PROSPECT, a leaf is represented as a multilayer 

homogeneous plate; leaf absorption and scattering across the 400–2500 nm spectral do-

main are computed from biophysical and biochemical inputs including the leaf structure 

parameter (N), chlorophyll content (Cab), dry-matter content (Cm), and equivalent water 

thickness (Cw). The SAIL component treats the canopy as a homogeneous continuous me-

dium and solves the radiative-transfer problem at canopy scale, accounting for canopy 

structural parameters (e.g., LAI and leaf angle distribution, parameterized here by aver-

age leaf angle, ALA) together with solar–sensor geometry to simulate bidirectional reflec-

tance. 

2.3.1. Sensitivity Analysis 

To identify the PROSAIL inputs that most strongly influence simulated reflectance 

in the 450–950 nm interval, we adopted a two-step hierarchical sensitivity-analysis proto-

col. First, the Morris screening method was applied as a computationally efficient global 

filter to rank candidate parameters by their elementary effects [19]. Second, the subset of 

parameters selected by Morris was subjected to Sobol variance-based decomposition to 

obtain quantitative first-order ( 1S ) and total-effect ( TS ) sensitivity indices [20]. 

For a model ( )Y f= X , the Morris elementary effect (EE) for the i-th input at a sam-

pling point x  with perturbation Δ i  is defined as 

1 1( , , Δ , , ) ( , , , , )
( )

Δ

i i d i d

i

i

f x x x f x x x
EE

 +  −  
=x . (1) 

Repeating the procedure over multiple, independent base points yields a sample of 

iEE  values for each parameter. The commonly reported statistics are the mean absolute 
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elementary effect mean( )i iEE = ∣ ∣ , which measures overall parameter importance, and 

the standard deviation std( )i iEE = , which indicates nonlinearity or interaction [21]. 

Morris screening was performed on nine candidate parameters (N, Cab, Car, Cw, 

Cm, LIDFa, LAI, hspot, and psoil) using 40 repeats and a perturbation amplitude equal to 

10% of each parameter’s range. Parameters were ranked by i
  and the top seven were 

retained for subsequent Sobol analysis. 

Sobol variance decomposition was then applied to the selected seven-parameter sub-

set. Using Monte Carlo sampling with a base sample size 1000N = , we estimated first-

order indices 1S  and total-effect indices TS  across the 450–950 nm spectral interval. For 

summary reporting, wavelength-resolved 1S  and TS  curves were averaged over 450–

950 nm to yield scalar importance measures. The Sobol runs required a total of 9000 PRO-

SAIL model evaluations. This hierarchical scheme reduces the dimensionality of the Sobol 

calculation while retaining the ability to quantify main effects and interactions reliably. 

This apparent discrepancy highlights the different emphases of the two methods: 

Morris     measures the absolute magnitude of local responses to finite perturbations 

and is therefore sensitive to parameters that induce strong spectral derivatives in localised 

wavelength bands [21]; Sobol indices quantify each parameter’s contribution to the overall 

output variance across the full input space [22]. Combining Morris screening and Sobol 

decomposition therefore provides an efficient strategy to (i) identify parameters that pro-

duce strong local spectral responses and (ii) select those that drive population-scale vari-

ance—a useful basis for reducing inversion dimensionality and for designing representa-

tive forward simulation libraries. 

2.3.2. Synthetic Sample Generation 

Guided by the sensitivity analysis, seven influential parameters were selected for 

sampling: N, Cab, Cm, Cw, LAI, psoil, and ALA. Each parameter was sampled inde-

pendently from a uniform distribution over a physically plausible range to generate a 

synthetic ensemble of 30,000 parameter combinations (Table 2). 

For each sampled parameter vector, PROSAIL produced a continuous reflectance 

spectrum ( )  . These spectra were convolved with the Sentinel-2B SRFs (Figure 2) to 

synthesise band-level bottom-of-atmosphere reflectances corresponding to bands B2, B3, 

B4, B7, and B8: 

2

1

2

1

( ) ( )

( )
band

SRF d

SRF d









   


 


=



. (2) 

These band-aggregated reflectances, together with the associated LAI values, formed 

a 30,000-sample simulated training library used for subsequent NN–GA model develop-

ment and uncertainty quantification. 

Table 2. PROSAIL (version D) input parameters and sampling ranges used to generate the simu-

lated dataset. 

Radiative Transfer Model Parameter Symbol Unit Ranges 

PROSPECT-D 

Leaf structure index N unitless 1.0–2.0 

Chlorophyll a + b content  Cab µg cm−2 30–70 

Leaf mass per area Cm g cm−2 0.004–0.007 

Equivalent water thickness Cw g cm−2 0.005–0.030 

SAIL 

Leaf area index LAI m2 m−2 0.2–8.0 

Soil reflectance psoil unitless 0–1.0 

Average leaf inclination angle ALA degrees 10–70 
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Solar zenith angle tts degrees Fixed * 

Sensor zenith angle tto degrees Fixed * 

Relative azimuth angle psi degrees Fixed * 

* tts, tto, and psi were set to the Sentinel-2B observation geometry for each scene; parameters not 

included in the sampling set were held at empirically based constant values. For uncertainty-prop-

agation experiments, we additionally applied a small relative perturbation (±1%) to these fixed ge-

ometry parameters to represent minor sensor–scene geometry jitter. 

 

Figure 2. Sentinel-2B SRFs for bands B2, B3, B4, B7 and B8. 

2.4. NN–GA Coupled Inversion Framework 

A fully connected MLP with two hidden layers was adopted to map Sentinel-2B mul-

tispectral reflectances to LAI. The network accepts a 5-dimensional input vector (band 

reflectances B2, B3, B4, B7, and B8) and outputs a single scalar (LAI). The overall inversion 

architecture is illustrated in Figure 3. 

 

Figure 3. NN–GA coupled inversion framework for LAI retrieval. 

To promote global optimisation and explicitly favour generalisation, a population-

based genetic algorithm [23–25] was used to optimise all network weights and biases. The 

PROSAIL-derived simulated dataset (30,000 samples) was randomly partitioned into 

training, validation, and test subsets in a 60:20:20 ratio, where the training portion sup-

plies sufficient examples to fit the multi-parameter MLP, the validation portion is reserved 

to guide model selection and to guard against overfitting during optimisation, and the 

held-out test portion provides an unbiased estimate of final generalisation performance. 

All network parameters (weights and biases) were encoded as real-valued chromosomes 

and evolved by the GA. The GA fitness function was defined as a weighted sum of train-

ing and validation root-mean-square errors (RMSEs): 

train valFit( ) RMSE ( ) 2 RMSE ( ) p p p= +  , (3) 
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2

train

t

1
ˆRMSE ( ) ( )( )i i

i

p y y p
N 

= −


, 2

val

v

1
ˆRMSE (  ) ( )( )i i

i

p y y p
N 

= −


, (4) 

where p  denotes a GA individual encoding the network parameters,   and   are the 

index sets of training and validation samples with sizes tN  and vN , respectively, iy  is 

the reference (normalised) LAI of sample i, and ˆ ( )iy p  is the MLP prediction under pa-

rameters p . The validation error is weighted more heavily to explicitly promote general-

isation during evolution and to mitigate overfitting. 

Chromosome values were constrained to the interval [−5, 5]. The GA optimisation 

was executed independently 30 times and the individual with the best fitness was selected 

as the final network. We emphasise that the GA is not employed because the MLP is non-

differentiable (the MLP and its activation functions are differentiable), but because evolu-

tionary, population-based search offers practical advantages for this application. In par-

ticular, a GA enables the direct optimisation of bespoke, potentially non-differentiable fit-

ness formulations (e.g., our weighted training/validation RMSE), explores highly non-

convex and multimodal parameter landscapes to reduce sensitivity to initial weights and 

local minima, and naturally handles mixed or constrained parameter encodings and cus-

tom feasibility rules used during evolution [12,13]. These properties have motivated prior 

uses of evolutionary algorithms for neural-network training and are valuable when ro-

bustness, reproducibility, and custom fitness definitions are required. The NN–GA hybrid 

therefore marries the expressive power of the MLP with the GA’s global search capability 

to improve stability and generalisation when decoding simulated spectra and applying 

the trained model to Sentinel-2B imagery. 

2.5. Accuracy Assessment 

Model performance was assessed using the coefficient of determination (R2) and the 

root-mean-square error (RMSE). R2 is defined as 

2

2 1

2

1

ˆ
R

( )
1

( )

n

i ii

n

ii

y y

y y

=

=

−
= −

−




, (5) 

where iy  and ˆ
iy  are the observed and predicted LAI values, respectively, and y  is the 

mean of the observations. RMSE is defined as 

2

1

1
R E ( )ˆMS

n

i i

i

y y
n =

= − . (6) 

Higher R2 values (approaching 1) and lower RMSE values (approaching 0) indicate 

better agreement between predictions and observations. These metrics were computed on 

the independent test sets and on the spatially co-located field observations used for Sen-

tinel-2 validation. 

2.6. Uncertainty Quantification (UQ) Method 

Uncertainty quantification follows the measurement-model paradigm of the Guide 

to the Expression of Uncertainty in Measurement (GUM) [26]: the quantity of interest is 

treated as a function of input quantities, and the propagation of their uncertainties 

through that function yields an uncertainty estimate for the output. In the LAI retrieval 

context, the measurement model can be written as 

1 2( , , , , )iy f x x x=   , (7) 
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where y   denotes retrieved LAI and each input ix   has an estimable central value ix  

and standard uncertainty 
ix

u . 

Because LAI retrieval typically involves highly nonlinear, numerically driven algo-

rithms, we use two complementary UQ approaches: the law of propagation of uncertainty 

(LPU), based on local linearization, and the Monte Carlo method (MCM), based on sam-

pling [26–28]. The LPU employs a first-order Taylor expansion to linearize the measure-

ment function locally and propagates input uncertainties via analytical or numerical de-

rivatives. In contrast, MCM draws large numbers of samples from the input error (or 

prior) distributions, propagates each sample through the full (possibly nonlinear, black-

box) retrieval pipeline, and empirically approximates the resulting output distribution 

[29]. 

2.6.1. Physics-Driven-Stage Uncertainty 

In this study, the physics-driven-stage is defined as the propagation of uncertainty 

arising from variability in non-LAI PROSAIL inputs (e.g., Cab, Cm, Cw, N, psoil, ALA) 

through the forward model and the Sentinel-2 spectral response convolution into band 

reflectances. For the physics-driven component, and for each fixed LAI level, non-LAI 

PROSAIL inputs ix  are modelled as truncated normal perturbations 2( , )
ii i xx x   . The 

nominal value ix  is set to the midpoint of the prescribed range and 
ix

  is set to one-

sixth of the range so that 3  approximately covers the interval. For a given LAI level, 

N Monte-Carlo draws ( )

1{ }j N

j=x  are drawn from the joint (marginal, initially independent) 

distributions and each sample is propagated through PROSAIL and the Sentinel-2 SRFs 

to produce band reflectances ( ) ( )( )j jy f= x . From the output sample set ( ){ }jy , the sam-

ple mean y  and the relative standard uncertainty associated with perturbations of the 

inputs can be computed. In particular, the relative uncertainty induced by the input en-

semble is estimated as the coefficient of variation in the output: 

( ) 2

1

2

1
( )

1( )

N j

j

i

y y
Nu x

y

=
−

−=


. (8) 

To account for statistical dependence between PROSAIL inputs, pairwise associa-

tions between input-induced output responses are estimated and propagated. For two 

distinct inputs px   and qx  , the corresponding output response vectors 
(1) ( )( , , )N

p p py y= Y  and (1) ( )( , , )N

q q qy y= Y  are formed (each obtained by perturbing one 

parameter while sampling others). The Pearson correlation coefficient between these two 

response series is computed as 

( )( )( ) ( )

1

( ) 2 ( ) 2

1 1

( , )

( ) ( )

N j j

p p q qj

p q
N Nj j

p p q qj j

y y y y
r x x

y y y y

=

= =

− −
=

− −



 
, (9) 

where py  and qy  are the sample means of pY  and qY , respectively. The correspond-

ing error covariance is then approximated by 

( , ) ( , ) ( ) ( )p q p q p qu x x r x x u x u x= . (10) 

With per-input variances 2 ( )iu x  and covariances ( , )i ju x x
 

thus estimated, the law 

of propagation of uncertainty (LPU) is applied to obtain the band-level output variance 

for the forward model ( )y f= x : 
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1
2 2 2

overall

1 1 1

( ) ( ) ( ) 2 ( , )
n n n

i i j

i i j ii i j

f f f
u y u x u x x

x x x

  

  

−

= = = +

  
= +    

  
  . (11) 

The sensitivity coefficients / if x   are evaluated numerically by central finite dif-

ferences (appropriate when no closed-form derivative is available) [30]: 

( , , ) ( , , )

2

i i

i

f x h f x hf

x h





 +  −  − 
 , (12) 

With step h set to 1% of the corresponding input parameter range. In addition, to 

represent small sensor–scene geometry jitter during inversion, we independently perturb 

the observation geometry (solar zenith tts, sensor zenith tto, and relative azimuth psi) by 

±1% when propagating uncertainties. For a fixed LAI level, this procedure yields band-

level relative uncertainties overall,bu  for each Sentinel-2 band b. The bandwise uncertainties 

are then combined into a single physics-driven-stage uncertainty for that LAI level by a 

weighted-variance sum: 

2

sim overall,

1

(LAI)
k

b b

b

u WL u
=

=  , (13) 

where bWL  denotes the weight assigned to band b. It should be noted that band-width 

weighting is a pragmatic and computationally efficient approximation to account for dif-

fering spectral information content and to partially accommodate inter-band correlation. 

Finally, the representative physics-driven-stage uncertainty reported in the paper is 

obtained by RMS aggregation over a discrete set of L  LAI levels: 

2

sim sim

1

1
(LAI )

L

i

i

u u
L =

=  . (14) 

This workflow preserves the sample-based strengths of Monte-Carlo propagation 

while introducing a straightforward, empirically grounded estimate of input parameter 

dependence. The approach balances improved realism (through covariance terms) with 

computational tractability for the multi-parameter PROSAIL forward model. 

2.6.2. Machine-Learning-Stage Uncertainty 

To quantify uncertainty arising from the stochasticity of the NN–GA training, the full 

training pipeline was repeated R independent times to produce R trained models. Using 

an NDVI-guided sampling strategy, M  representative pixels were drawn from the tar-

get scene. Let ,p jy denote the LAI predicted for pixel p by model j. For each pixel, we 

compute the model mean and the absolute standard uncertainty: 

,

1

1 R

p p j

j

y y
R =

=  , ,std{ }
py p ju y= , (15) 

And the pixelwise relative training uncertainty is ( train) /
pp y pu u y= . The summary ma-

chine-learning-stage relative uncertainty is the RMS over the M  sampled pixels: 

(train) 2

train

1

1
( )

M

p

p

u u
M =

=  . (16) 
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2.6.3. Uncertainty Combination 

The total uncertainty of a single LAI retrieval is decomposed into two stage-wise 

components (Figure 4). Building on the pixelwise machine-learning-stage uncertainty es-

timates, we compute the corresponding pixelwise physics-driven-stage uncertainties for 

the selected sample pixels and then evaluate the statistical dependence between the two 

components. The total variance is therefore expressed as 

2 2 2

total sim train si2cov( , )am tr inu u u u u= + + , (17) 

where simu  denotes the physics-driven-stage relative standard uncertainty and trainu  de-

notes the machine-learning-stage relative standard uncertainty. The term ( )sim traincov ,u u  

is the covariance between the two stage-wise relative uncertainties (evaluated across the 

representative pixel set). In practice, we estimate this covariance empirically as the sample 

covariance over M  representative pixels: 

( ) ( )( )sim train sim, sim train, train

1

1
cov ,

1

M

p p

p

u u u u u u
M =

= − −
−
 , (18) 

where simu   and trainu   are the sample means. If the empirical covariance is negligible, 

Equation (17) reduces to the usual LPU (quadrature) combination 2 2

total sim trainu u u= + ; oth-

erwise, the covariance term is retained to account for statistical dependence between the 

two stages. 

 

Figure 4. Uncertainty decomposition and computational workflow for LAI retrieval. 

2.7. Workflow Summary 

The technical workflow of the proposed physics-driven machine-learning frame-

work is summarised in Figure 5 and comprises three sequential steps. In Step 1, a hierar-

chical sensitivity analysis (Morris screening followed by Sobol decomposition over 450–

950 nm) identified seven influential PROSAIL inputs; PROSAIL was sampled across prior 

ranges and simulated spectra were convolved with Sentinel-2B SRFs to synthesise a 

30,000-sample five-band BOA reflectance library (B2, B3, B4, B7, B8). In Step 2, a two-hid-

den-layer MLP was trained on the simulated library with all weights and biases globally 

optimised by a GA (NN–GA); the optimal model was then applied to Sentinel-2B reflec-

tance imagery to produce spatial LAI maps. In Step 3, the total relative uncertainty of the 

LAI product was decomposed into the physics-driven-stage component (uncertainty 

propagated from non-LAI PROSAIL input variability to band reflectances, quantified by 

MCM) and the machine-learning-stage component (prediction variability across repeated 

NN–GA trainings); each component was quantified independently and the two standard 

uncertainties were combined under the LPU to produce per-retrieval relative uncertainty 

estimates for the LAI maps. 
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Figure 5. Workflow diagram illustrating computational steps for coupled PROSAIL–NN–GA LAI 

retrieval and uncertainty quantification. 

3. Results 

3.1. Parameter Sensitivity Analysis and Sample Generation Based on the PROSAIL Model 

A hierarchical sensitivity-analysis protocol combining Morris screening and Sobol 

variance decomposition was applied to quantify the sensitivity of PROSAIL-simulated 

reflectance across 450–950 nm. The wavelength-resolved outcomes are summarised in Fig-

ure 6. 

   

Figure 6. Sensitivity analysis results for PROSAIL-simulated reflectance (450–950 nm). (a) Morris 

i
  heatmap showing the mean absolute elementary effects of model inputs across wavelength; (b) 

Sobol first-order index 1( )S   heatmap indicating the fraction of output variance attributable to 

each input; (c) Sobol total-effect index ( )TS   heatmap representing each input’s overall contribu-

tion including interactions. 

Morris screening (averaged across 450–950 nm) ranked the top seven parameters by 

the mean absolute elementary effect    as: mC  (    = 5.1220), wC  (    = 0.1244), soilp  (

   = 0.0670), LAI (    = 0.0254), N (    = 0.0241), LIDFa (    = 0.0012), and arC  (    = 

0.0005). The Morris results indicate that mC  produces substantially larger local responses 

than the other parameters in the 700–950 nm region; i.e., the model exhibits high local 

sensitivity to mC  in the NIR. 

Sobol variance decomposition applied to the Morris-selected subset provided com-

plementary, population-level information. Averaged over 450–950 nm, LAI dominates the 

simulated reflectance variance: the mean first-order index for LAI is ≈0.64 (64%) and the 
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mean total-effect index is ≈0.75 (75%), indicating that LAI accounts for the largest share of 

output variance with only partial entanglement in interactions. By contrast, although mC  

ranks highest in Morris, its mean Sobol first-order contribution is small (mean 1 0.0115S 

), reflecting that mC ’s strong influence is concentrated in a limited spectral/parameter re-

gion and therefore contributes little to the global variance under the prescribed input dis-

tributions. 

Guided by the sensitivity analysis, seven influential parameters (listed above) were 

sampled uniformly within physically plausible priors to generate the synthetic dataset. 

PROSAIL spectra were convolved with the Sentinel-2B SRFs to produce band-level (B2, 

B3, B4, B7, B8) bottom-of-atmosphere reflectances paired with LAI. The resulting simu-

lated data distributions for the site are shown as histograms with kernel density estimates 

in Figure 7. 

 

Figure 7. Distributions (histogram + kernel density estimate) of the simulated Sentinel-2B five-band 

reflectances (B2, B3, B4, B7, B8) and associated LAI values used for model training and uncertainty 

analysis (30,000 samples). 

3.2. Crop LAI Retrieval and Accuracy Analysis Based on NN–GA 

3.2.1. Crop LAI Retrieval 

The convergence, stability, and generalisation behaviour of the NN–GA training 

were examined via the diagnostic metrics summarised in Figure 8. The diagnostics in-

clude: generation-wise best and mean fitness, a smoothed view of the best fitness trend 

(moving average and median), a per-generation stall indicator, and the cumulative rela-

tive improvement referenced to generation 1. 
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Figure 8. Training optimisation diagnostics for the NN–GA inversion framework. (a) Best and mean 

fitness per generation; (b) smoothed best fitness trend (moving average and median); (c) per-gener-

ation stall indicator; (d) cumulative relative improvement versus generation 1 (percentage). 

At initialization, the best individual fitness was 1.56; the algorithm reduced this value 

rapidly during early evolution, reaching the run minimum of 0.5386 at generation 89 and 

finishing with a best-of-run value of 0.58 at the final generation (i.e., the final best is 

slightly above the observed run minimum). The population mean fitness fell from 7.62 at 

initialization to ≈0.87 at termination, indicating consistent improvement across the popu-

lation as a whole. Most of the aggregate fitness reduction occurred in the early-to-mid 

phase of the run (roughly generations 10–40), corresponding to broad global exploration; 

later generations produced smaller, incremental gains consistent with local exploitation 

and fine-tuning. Calculating relative improvement from the initial best to the run mini-

mum gives (1.56 − 0.5386)/1.56 ≈ 66%. Performance on the simulated test data indicates 

that the NN–GA framework locates stable, high-quality solutions: the training-set RMSE 

was 0.73 and the independent test-set RMSE was 0.85, demonstrating reasonable general-

isation while leaving scope for further improvements (e.g., cross-validation or local fine-

tuning). Overall, the GA-based global search efficiently identified promising regions of 

the parameter space and produced reproducible network solutions suitable for applica-

tion to Sentinel-2B imagery. 

3.2.2. Accuracy Assessment of LAI Retrieval 

To assess the practical performance and transferability of the trained NN–GA map-

ping, we applied the model to near-synchronous Sentinel-2B scenes and validated the pix-

elwise retrievals against LI-COR LAI-2200 field measurements. The spatial distributions 

of predictions and validation samples for Minqin (modelling/testing area) and Zhangye 

(transfer/validation area) are shown in Figure 9. 
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Figure 9. Spatial distributions of predicted LAI and ground-sample locations. (a) True-colour com-

posite of the Minqin site; red triangles denote LAI-2200 measurement locations. (b) True-colour 

composite of the Zhangye site; yellow triangles denote LAI-2200 measurement locations. (c) LAI 

retrieval map for Minqin. (d) LAI retrieval map for Zhangye. 

Pointwise comparison (Figures 10 and 11) returns the following validation statistics: 

Minqin (101 measured points)—RMSE = 0.44, R2 = 0.73; Zhangye (112 measured points)—

RMSE = 0.40, R2 = 0.56. The Minqin results show tighter scatter about the 1:1 line and 

higher explained variance, whereas the Zhangye results exhibit greater dispersion and 

unexplained variability despite a comparable RMSE. 

  

Figure 10. Observed versus predicted LAI (LAI-2200 vs. NN–GA). (a) Minqin (101 measured 

points). (b) Zhangye (112 measured points). Dashed line: 1:1 reference; solid line: least-squares re-

gression. 
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Figure 11. Observed versus predicted LAI (LAI-2200 vs. NN–GA) shown as point-by-point bar 

charts. (a) Minqin (101 measured points). (b) Zhangye (112 measured points). Orange and blue bars 

indicate measured and predicted values, respectively. 

Residual diagnostics for Zhangye (Figure 12) indicate a small overall bias (0.015) and 

a weak pattern of overestimation at low LAI and underestimation at high LAI, with near-

zero bias in the midrange (≈2.75–4.25). 

 

 

 

Figure 12. Residual analysis for Zhangye (Site 2; 112 measured points). (a) Residuals vs. measured 

LAI with a LOESS smoothed trend line; (b) Bland–Altman plot showing the mean bias (0.015, solid 

line) and 95% limits of agreement (dashed lines); (c) Binned error statistics grouped by measured 

LAI. Orange and blue bars denote RMSE and MAE, respectively; error bars represent the standard 

error. 
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Bland–Altman analysis produces 95% limits of agreement of approximately [−0.77, 

0.80], implying that individual prediction errors can reach on the order of ±0.8 LAI units. 

Binned error statistics reveal a U-shaped dependence on observed LAI: both RMSE and 

MAE increase at low (<2.5) and high (>4.5) LAI, with several extreme residuals located in 

the distribution tails. 

In summary, the NN–GA framework provides satisfactory LAI estimates at both sites 

(Zhangye: RMSE = 0.40, MAE = 0.32, R2 = 0.56), with stronger agreement at the model-

development site. The error patterns—poorer performance at very low and very high LAI 

and the presence of outliers—are plausibly attributable to factors such as crop structural 

anomalies during the satellite overpass (e.g., exposed ears/inflorescences and altered leaf-

angle distributions associated with tasseling) that increase optical heterogeneity [31], and 

to optical saturation and background-mixing effects that disproportionately affect ex-

treme LAI values [32]. These observations motivate the following section’s systematic un-

certainty decomposition of the retrieval chain, which aims to identify dominant error 

sources and guide targeted improvements. 

3.3. Quantification of LAI Retrieval Uncertainty via a Coupled Physics-Driven and  

Machine-Learning Approach 

We decompose and quantify two stochastic uncertainty sources in the retrieval chain: 

the physics-driven-stage uncertainty arising from variability of non-LAI PROSAIL inputs 

propagated to Sentinel-2 band reflectances, and the machine-learning-stage uncertainty 

arising from variability across repeated NN–GA trainings. Below, we summarise the 

physics-driven-stage analysis and present band-wise and aggregated uncertainty results; 

Machine-Learning-Stage diagnostics follow. 

To determine a stable Monte-Carlo sample size for the physics-driven-stage propa-

gation, we examined the convergence of the estimated output uncertainty for a repre-

sentative case with LAI fixed at 3. As shown in Figure 13, the estimated standard relative 

uncertainty decreases and stabilises as the number of Monte-Carlo draws N increases; be-

yond N ≈ 5000, the uncertainty curve is effectively converged and fluctuations are sub-

stantially reduced. Balancing statistical stability and computational cost, we therefore 

adopted N = 6000 for all subsequent Monte-Carlo runs. 

Applying the same Monte-Carlo propagation across the sampled LAI range, Tables 

3 and 4 summarise the band-wise relative uncertainties and the aggregated (combined) 

standard relative uncertainty for Minqin (modelling/testing area) and Zhangye (trans-

fer/validation area), respectively. When LAI is fixed and other PROSAIL inputs are per-

turbed within the prescribed prior ranges, the aggregated physics-driven-stage standard 

relative uncertainties are 11.42% for Minqin and 11.48% for Zhangye. The slightly larger 

value for Zhangye primarily reflects differences in the prescribed prior ranges (notably 

the soil-background factor psoil) used in the two site-specific simulations. Band- and LAI-

resolved patterns in Tables 3 and 4 indicate that relative uncertainty depends on both LAI 

and wavelength: certain bands (e.g., B3 and B4 in several LAI bins) exhibit higher relative 

uncertainty, and the aggregated uncertainty varies across LAI levels where spectral sen-

sitivity to perturbed inputs is larger. These estimates form the basis for combination with 

machine-learning-stage uncertainty and for producing uncertainty maps of the final LAI 

product. 
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Figure 13. Physics-driven-stage uncertainty diagnostics and bandwise reflectance perturbation dis-

tributions (LAI = 3). (a) Monte Carlo convergence of the estimated standard relative uncertainty as 

a function of sample size (diagnostic used to select N = 6000); (b)–(f) show the bandwise reflectance 

distributions under parameter perturbations for Sentinel-2B bands B2, B3, B4, B7, and B8 (MinQin). 

Table 3. Band-wise and aggregated physics-driven-stage uncertainties for Minqin (modelling/test-

ing area), listed by LAI bin. 

LAI B2(%) B3(%) B4(%) B7(%) B8(%) 
Input-Parameter Un-

certainty (%) 

Combined Standard 

Uncertainty (%) 

1 15.17 15.26 20.78 10.96 10.96 14.35 

11.42 

2 9.97 15.22 9.75 8.05 8.00 10.09 

3 11.82 17.00 7.85 6.76 6.71 10.39 

4 12.91 17.68 11.42 5.99 5.95 11.00 

5 13.31 17.91 11.69 5.51 5.49 11.20 

6 13.46 18.00 12.03 5.23 5.22 11.25 

7 13.53 18.03 12.16 5.06 5.05 11.27 

8 13.57 18.06 12.21 4.97 4.96 11.28 

Table 4. Band-wise and aggregated physics-driven-stage uncertainties for Zhangye (transfer/vali-

dation area), listed by LAI bin. 

LAI B2(%) B3(%) B4(%) B7(%) B8(%) 
Input-Parameter Un-

certainty (%) 

Combined Standard 

Uncertainty (%) 

1 15.33 15.33 21.37 11.15 11.13 14.50 

11.48 

2 9.93 15.19 10.14 8.30 8.24 10.21 

3 11.74 17.02 7.41 7.01 6.96 10.41 

4 12.91 17.76 10.27 6.22 6.18 11.03 

5 13.34 18.01 11.47 5.72 5.69 11.25 

6 13.49 18.09 11.86 5.40 5.39 11.30 

7 13.55 18.12 11.98 5.22 5.21 11.30 

8 13.57 18.13 12.01 5.11 5.10 11.29 
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For the machine-learning-stage, the complete NN–GA training pipeline was repeated 

R = 10 independent times to produce R trained models. Using NDVI-guided sampling of 

the target scenes, M = 5000 representative pixels were drawn and each pixel was predicted 

by the R models. The aggregated machine-learning-stage standard relative uncertainty 

trainu  was then computed as the root-mean-square (RMS) of pixelwise relative standard 

deviations. The resulting values are trainu   = 18.06% for Minqin and trainu   = 12.96% for 

Zhangye, indicating that stochastic factors in NN–GA training (e.g., random initialization 

and evolutionary search variability) substantially affect output stability. 

Figures 14 and 15 present summary diagnostics of per-pixel machine-learning-stage 

relative uncertainty for Minqin and Zhangye, respectively. For Minqin (Figure 14), 75% of 

the sampled pixels have relative uncertainty ≤ 11.9% and 80% ≤ 14.1%; the empirical cu-

mulative distribution shows a slow rise across the lower 80% and a steeper tail across the 

upper 20%, indicating a minority of pixels with markedly higher training uncertainty. A 

LOESS-smoothed scatter of mean predicted LAI versus relative uncertainty reveals a U-

shaped dependence: uncertainty is elevated at low (≤2) and high (≥6) LAI and minimal in 

the mid-range (3–6). Spectral inspection shows that many high-uncertainty pixels are 

mixed-boundary pixels (vegetation–soil/road), supporting the hypothesis that mixed pix-

els and limited training coverage in distribution tails drive elevated training uncertainty. 

Zhangye (Figure 15) displays broadly similar behaviour, indicating spatial transferability 

of the NN–GA uncertainty patterns. 

  

  

Figure 14. Comprehensive analysis of per-pixel machine-learning-stage relative uncertainty for 

Minqin (M = 5000). (a) Histogram; (b) ECDF; (c) mean predicted LAI vs. relative uncertainty with 

LOESS smoothing (point colour indicates NDVI); (d) mean spectra for Top-12 and Bottom-12 pixels. 
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Figure 15. The same diagnostics as Figure 14, but for Zhangye. 

We evaluated the statistical dependence between the physics-driven and machine-

learning stage uncertainties and quantified its effect on the combined retrieval uncer-

tainty. The results are reported for two study areas (N = 5000 sample pixels each). 

In Minqin, the sample means of the stage-wise relative standard uncertainties are 

sim 0.1103u =   and train 0.1350u =  . The paired-sample Pearson correlation between these 

per-pixel uncertainties is 0.14r =  (two-sided 245.36 10p −=  ); a permutation test (2000 

permutations) confirms that this correlation is highly unlikely under the null hypothesis 

of independence (permutation 310p −  ). Bootstrap estimation (B = 2000) yields 
4

sim traincov( , ) 1.4426 10u u −    with 95% CI = 4 4[5.5880 10 ,2.2389 10 ]− −   . Substituting the 

empirically estimated covariance into Equation (17), the combined standard uncertainty 

increases from ≈0.1743 (covariance neglected) to ≈0.1752 (with covariance), corresponding 

to an absolute increase of 48.26 10−   and a relative change of about +0.47%. In Zhangye, 

we find sim 0.1044u =  , train 0.1060u =  , Pearson 0.17r =   (two-sided 341.88 10p −=   ), and 

bootstrap covariance 54.2018 10−    (95% CI = 5 5[3.5340 10 ,4.8561 10 ]− −   ). Including 

this covariance increases the combined standard uncertainty from ≈0.1488 to ≈0.1491, an 

absolute change of 42.82 10−   or +0.19% relative. 

Overall, although a weak but statistically significant positive correlation between the 

two stage-wise uncertainties is observed in both regions, the covariance term has a negli-

gible numerical impact on the final combined uncertainty (well below 1% relative). The 

physics-driven-stage standard uncertainty simu  and the machine-learning-stage standard 

uncertainty trainu   were combined according to the law of propagation of uncertainty 

(root-sum-square of independent standard uncertainties) to yield the final per-retrieval 

relative uncertainty. Table 5 lists the combined results. After combination, the single-re-

trieval relative uncertainties are 21.37% for Minqin and 17.31% for Zhangye. Both values 

exceed the GCOS reference target of 15% for certain biophysical products, indicating that 
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further methodological improvements—for example, refined sampling strategies, explicit 

handling of mixed pixels, inclusion of ancillary indices such as NDVI, or multisource data 

fusion—will be required to reach climate-grade uncertainty levels. 

Table 5. Final relative uncertainties for single LAI retrievals after combination of physics-driven-

stage and machine-learning-stage components. 

Study Area Component Relative Uncertainty (%) Combined Standard Relative Uncertainty (%) 

Minqin 
simu  11.42 

21.37 
trainu  18.06 

Zhangye 
simu  11.48 

17.31 
trainu  12.96 

In summary, the staged UQ procedure identifies dominant contributors to retrieval 

uncertainty and points to concrete mitigation strategies (e.g., targeted augmentation of 

training samples in extreme LAI regimes, mixed-pixel treatment, and reduction in train-

ing stochasticity) that can directly reduce the overall LAI product uncertainty. 

4. Discussion 

4.1. Method Performance and Comparison 

SL2P (Simplified Level-2 Product Processor) is a canopy biophysical retrieval algo-

rithm developed by the European Space Agency for Sentinel-2 data [33]. The method uses 

feed-forward neural networks trained on a radiative-transfer model simulation library to 

combine physical realism with the computational speed of empirical retrievals [34]. SL2P 

is capable of efficiently estimating key biophysical variables from Sentinel-2 imagery, in-

cluding leaf area index (LAI), fraction of absorbed photosynthetically active radiation 

(fAPAR), and fractional vegetation cover (FVC). Because SL2P delivers consistent wall-to-

wall estimates at 10 m resolution and has been widely adopted as a baseline algorithm, 

we selected it as the primary retrieval method for this study [35]. 

In this work, we ran the SL2P implementation available in SNAP’s S2_10m Biophys-

ical Processor (SNAP v10.0.0). The processor was supplied with Sentinel-2 Level-2A bot-

tom-of-atmosphere (BOA) reflectance as input and was executed with its default configu-

ration: no user-tunable lookup tables (LUTs), priors, or inversion parameters were modi-

fied. Output biophysical products were quality-filtered using the Scene Classification 

Layer (SCL) to remove clouds, cloud shadow, and other invalid pixels. Because the 

S2_10m configuration uses only the 10 m bands, the resulting LAI, fAPAR, and FVC prod-

ucts are provided at 10 m spatial resolution. 

The NN–GA retrieval was validated against site-level LI-COR LAI-2200 measure-

ments. Pointwise statistics are: Minqin (modelling/testing area; 101 measured points)—

RMSE = 0.44, R2 = 0.73; Zhangye (transfer/validation area; 112 measured points)—RMSE 

= 0.40, R2 = 0.56. For benchmarking, we compared these results with operational Sentinel-

2 LAI estimates from the SNAP/SL2P processor evaluated on the same validation sets: 

Minqin (SL2P)—RMSE = 0.83, R2 = 0.04; Zhangye (SL2P)—RMSE = 0.61, R2 = −0.03. Under 

the present data and parameter settings, the NN–GA framework substantially reduces 

absolute error (∆RMSE ≈ 0.39, ∼47% relative improvement for Minqin; ∆RMSE ≈ 0.21, 

∼35% for Zhangye) and markedly increases explained variance versus the SL2P baseline. 

Observed differences between the two study areas are largely attributable to sam-

pling design and sample representativeness. Minqin was sampled sparsely across the 

landscape (101 points, inter-point distance ≥ 300 m) to capture regional heterogeneity, 

whereas Zhangye used dense, within-field sampling (≈81 points per 48 × 48 m plot) to 

represent pixel-scale variability. Sparse designs tend to enlarge the reference variance 
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and—when a model captures broad spatial contrasts—may yield higher R2, but they also 

increase the risk of pixel–plot mismatch and measurement noise, which can inflate RMSE. 

Conversely, dense sampling typically reduces pixel–plot mismatch and RMSE, but may 

lower R2 because of reduced sample variance. These sampling effects also help explain 

differences in SL2P performance across sites. Accordingly, algorithm comparisons and 

validation statements should explicitly account for sampling strategy and scale; we rec-

ommend reporting stratified or weighted validation statistics and clearly documenting 

sampling layouts to enable fair, reproducible assessments. 

Overall, the NN–GA framework shows improved absolute accuracy and explanatory 

power relative to the SNAP/SL2P benchmark in our experiments, indicating stronger fit 

and transfer potential under the tested conditions. Nonetheless, the evaluation under-

scores that sampling design and measurement repeatability remain critical determinants 

of apparent performance and should be integral to future method comparisons and oper-

ational assessments. 

4.2. Analysis of Uncertainty Sources 

The two study areas exhibited broadly consistent uncertainty patterns (distributional 

shapes, LOESS-indicated nonlinearity, and the spectral/spatial characteristics of high-un-

certainty pixels), suggesting that the proposed NN–GA retrieval and the staged UQ work-

flow generalise across the regions and phenological stages examined. Quantitatively, the 

machine-learning-stage uncertainty was comparable to or larger than the physics-driven-

stage uncertainty: trainu   = 18.06%/12.96% versus simu   = 11.42%/11.48% for Min-

qin/Zhangye, respectively. This finding indicates that stochasticity in model training (e.g., 

random initialisation, evolutionary search variability, and hyperparameter choices) is a 

major contributor to overall retrieval variance and therefore a primary target for improve-

ment. 

We also note key simplifying assumptions in the present UQ analysis that may bias 

the absolute numerical estimates: (i) non-LAI PROSAIL inputs were modelled as trun-

cated normal perturbations with independently applied draws; (ii) input parameter cor-

relations were neglected; and (iii) NDVI-guided pixel sampling was used as a proxy for 

scene variability. These choices were adopted for tractability and reproducibility but re-

strict the interpretation of the reported uncertainty as a baseline conditional on the stated 

assumptions. Future work should relax these assumptions by explicitly incorporating pa-

rameter covariances, enlarging the prior sample space and observational constraints, and 

by adopting fully probabilistic (e.g., Bayesian) UQ approaches that jointly estimate pa-

rameter posteriors and predictive uncertainty. Additional practical avenues to reduce to-

tal uncertainty—suggested by our diagnostics—include (a) reducing training stochasticity 

via ensemble/aggregation methods, systematic hyperparameter optimisation, or regular-

isation; (b) targeted augmentation of training samples in LAI distribution tails; (c) explicit 

treatment of mixed pixels (sub-pixel unmixing or masking); and (d) fusion with ancillary 

sources (e.g., higher-resolution UAV data, topographic data, or management metadata). 

Implementing these strategies is expected to lower both the machine-learning-stage and 

physics-driven-stage contributions and to move operational LAI retrievals closer to appli-

cation-level uncertainty targets. 
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5. Conclusions 

We developed and validated a physics-driven machine-learning framework for crop 

Leaf Area Index (LAI) retrieval that jointly addresses accuracy and end-to-end UQ. The 

approach couples PROSAIL forward simulations (convolved with Sentinel-2B SRFs) to 

construct a 30,000-sample training library, trains a two-hidden-layer multilayer percep-

tron whose weights and biases are globally optimised by a genetic algorithm (NN–GA), 

and implements a two-stage uncertainty workflow: Monte-Carlo propagation to charac-

terise uncertainty arising in the physics-driven-stage, and repeated independent NN–GA 

trainings to quantify uncertainty originating in the machine-learning-stage. The two 

standard uncertainty components are combined according to the law of propagation of 

uncertainty to yield a single, reproducible estimate of retrieval uncertainty. 

A hierarchical sensitivity analysis confirmed that LAI is the dominant driver of re-

flectance variance across the visible–near-infrared bands considered, justifying the chosen 

parameter reduction and guiding efficient sampling. Validation against LI-COR LAI-2200 

measurements at two northwest China sites demonstrates robust retrieval performance 

and cross-site transferability: Minqin (modelling/testing site) achieved RMSE = 0.43 and 

R2 = 0.73, while Zhangye (transfer/validation site) achieved RMSE = 0.40 and R2 = 0.56. 

Compared with the SNAP/SL2P baseline, the NN–GA framework substantially reduced 

absolute error and increased explained variance at the sample scale. 

The staged uncertainty decomposition exposes the relative contributions of the re-

trieval chain: physics-driven-stage standard relative uncertainties were 11.42% (Minqin) 

and 11.48% (Zhangye), while machine-learning-stage standard relative uncertainties were 

18.06% (Minqin) and 12.96% (Zhangye). After variance synthesis, the single-run relative 

uncertainties are 21.37% (Minqin) and 17.31% (Zhangye). These results indicate that, un-

der the current implementation, stochasticity associated with model training (initializa-

tion, hyperparameter search, and optimisation variability) is a major contributor to total 

uncertainty; reducing training variability (for example, via ensemble strategies, more sys-

tematic hyperparameter optimisation, or regularisation) should therefore be a priority to 

lower final product uncertainty. 

In conclusion, the proposed NN–GA retrieval pipeline advances 10 m Sentinel-2 crop 

LAI estimation by combining improved accuracy with a transparent, reproducible uncer-

tainty-quantification workflow. The framework supplies actionable uncertainty diagnos-

tics that can guide targeted algorithmic improvements and supports the production of 

confidence-aware LAI products for agricultural monitoring and downstream applica-

tions. Future work should focus on (i) reducing machine-learning-stage stochasticity, (ii) 

incorporating parameter correlations and Bayesian UQ to relax current assumptions, and 

(iii) exploring multi-source data fusion and mixed-pixel handling to further tighten un-

certainty and broaden operational applicability. 
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